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Abstract  As  Einstein  identiﬁed  so  clearly,  space  and  time  are  intimately  related.  We  discuss
the relationship  between  time  and  Euclidean  space  using  spectroscopic  and  radioastronomical
studies of  interstellar  chemistry  as  an  example.  Given  the  ﬁnite  speed  of  light,  we  are  clearly
studying  chemical  reactions  occurring  tens  of  thousands  of  years  ago  that  may  elucidate  the
primordial  chemistry  of  this  planet  several  billion  years  ago.  We  also  explore  space  of  a  different
kind —  chemical  space,  with  many  more  dimensions  than  the  four  we  associate  as  space—time.
Vast chemical  spaces  also  need  very  efﬁcient  (computational)  methods  for  their  exploration  toalgorithms;
High  throughput
robotic  synthesis
overcome this  ‘curse  of  dimensionality’.  We  discuss  methods  by  which  the  time  to  explore  these
new spaces  can  be  very  substantially  reduced,  opening  the  discovery  useful  new  materials  that
are the  key  to  our  future.
© 2015  The  Author.  Published  by  Elsevier  GmbH.  This  is  an  open  access  article  under  the  CC
BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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nI  wasted  time,  and  now  doth  time  waste  me;
For  now  hath  time  made  me  his  numbering  clock;
My  thoughts  are  minutes.  —  William  Shakespeare
The relationship between space and time
‘‘People  like  us,  who  believe  in  physics,  know  that  the
distinction  between  past,  present,  and  future  is  only  a
stubbornly  persistent  illusion.’’  Albert  Einstein
Most  physical  scientists  are  aware  of  the  intimate  rela-
tionship  between  space  and  time.  Einstein  quantiﬁed  and
clariﬁed  this  relationship  in  the  theories  of  General  and  Spe-
cial  Relativity.  Space—time  is  a  mathematical  model  that
unites  space  and  time  into  a  single  interwoven  continuum.
It  combines  space  and  time  into  a  single  manifold  called
Minkowski  space,  as  opposed  to  the  commonly  experienced
Euclidian  space  (Fig.  1).
In  cosmology,  the  concept  of  space—time  combines  space
and  time  to  a  single  abstract  universe.  Mathematically  it
is  a  manifold  consisting  of  ‘‘events’’  which  are  described
by  some  type  of  coordinate  system.  Typically  three  spa-
tial  dimensions  (length,  width,  height),  and  one  temporal
dimension  (time)  are  required.
Figure  1  Albert  Einstein.
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sGeneral  and  Special  Relativity  shows  that  space,  time,
nd  gravity  are  interlinked,  and  that  gravity  can  warp  space
nd  distort  time.  The  consequence  of  large  spaces  and  the
nite  speed  of  light  is  long  times.  Astronomical  observation
ecessitates  seeing  things  far  away  and  long  ago.
Here  we  discuss  the  relationship  between  chemistry,
ime,  and  two  kinds  of  ‘space’,  interstellar  (Euclidean)
pace,  and  chemical  or  materials  space.  In  interstellar  space
e  will  discover  primordial  chemistry  that  is  the  key  to  our
ast,  and  in  materials  space  we  will  discover  new  chemistry
hat  is  the  key  to  our  future.
nterstellar space, chemistry, and relationship
o time
he  Universe  is  approximately  13.5  billion  years  old,  evolv-
ng  steadily  since  the  Big  Bang.  It  is  a  very  dynamic  space
ith  many  very  unusual  non-equilibrium  systems  within
t.  Interstellar  dust  and  gas  clouds  are  the  birthplaces  of
ew  stars,  and  are  also  where  very  interesting  primordial
hemistry  occurs.  Several  of  these  interstellar  gas  clouds
re  in  our  Milky  Way  galaxy,  and  have  been  the  source  of
ntense  spectroscopic  analysis.  Infrared  (vibrational)  and  in
articular,  microwave  (rotational)  spectroscopy,  have  been
nvaluable  for  identifying  the  types  of  molecules  and  chem-
stry  that  occur  within  these  clouds.  These  methods  can
lso  be  useful  for  identifying  the  amount  (column  density)
f  small  molecules  present,  the  temperature,  velocity,  and
agnetic  ﬁelds  (Brown  et  al.,  1980a)  present  in  the  clouds.
olecular  line  radioastronomy  has  generated  much  informa-
ion  on  the  chemistry  that  occurs  within  interstellar  clouds
Kroto,  1980)  (Fig.  2).
The  two  most  interesting  and  accessible  molecular  clouds
n  our  galaxy  are  Sagittarius  B2  (Sgr  B2)  near  the  galactic
entre,  and  the  Orion  Nebula  (M42)  on  an  outer  spiral  arm
f  the  galaxy.  Sagittarius  B2  is  a  giant  molecular  cloud  of  gas
nd  dust  that  is  located  about  120  parsecs  (390  light  years
ly))  from  the  centre  of  the  Milky  Way  and  27,000  ly  from
arth.  It  is  the  largest  molecular  cloud  near  the  centre,  ∼45
arsecs  (150  ly)  diameter,  and  mass  ∼3  million  solar  masses.
he  mean  hydrogen  density  in  the  cloud  is  3000  atoms  per
m3, ∼20—40  times  denser  than  typical  molecular  clouds
Fig.  3).
The  Orion  nebula  (M42)  is  located  at  a  distance  of
344  ±  20  light  years  from  the  Earth  and  is  the  closest  region
f  massive  star  formation  to  Earth.  The  M42  nebula  is  esti-
ated  to  be  24  light  years  across.  It  has  a  mass  of  ∼2000
olar  masses.
Molecule  densities  are  very  low  (106 hydrogen
olecules/cm3 in  very  dense  clouds)  with  average
inetic  temperatures  10—100  K,  suggesting  mean  free
aths  of  between  109 and  1015 cm.  Time  between  colli-
ions  (104—1010 s)  is  of  the  order  of  relaxation  times  for
4  D.A.  Winkler
Figure  2  The  large  molecular  cloud  in  the  constellation  of  Sagittarius  B2  (SgrB2)  near  the  galactic  centre.
Figure  3  The  Orion  Molecular  Cloud  (OMC)  in  the  outer  arm
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them.  The  simplest  of  these  are  the  amino  acids.  While  thef the  Milky  Way.
otationally  excited  molecules.  The  chemical  processes
hat  generate  interstellar  molecules  are  efﬁcient  over
arge  regions  of  the  clouds  and  are  intimately  related  to
he  presence  of  both  grains  and  stars  enveloped  in  the
nterstellar  clouds  (Snyder,  1997).
In  very  dense  clouds,  grains  provide  catalytic  surfaces
hat  enhance  the  production  of  larger  polyatomic  molecules
hereas  there  is  ample  evidence  that  gas-phase  chemistry
s  the  predominant  mechanism  for  formation  of  smaller
olecules  in  more  tenuous  regions  (Giri  et  al.,  2013)  (Fig.  4).
Very  low  barrier  or  barrier-less  reactions  are  required  at0  K  —  generally  radical  or  ion-molecule  reactions  (Snyder,
997).  In  Sgr  B2,  methanimine,  CH2 NH,  has  a  rotational
emperature  of  45  K  and  column  density  of  ∼1015/cm2.
e
u
wigure  4  The  formation  of  interstellar  dust  grains,  the
utative  sites  of  many  organic  reactions  that  generate  small
olecules  and  possibly  amino  acids.
The  interstellar  gas  clouds  where  reactions  still  occur
nder  these  rather  extreme  conditions  are  thought  to  be
he  birthplaces  of  primordial  small  molecules  that  are  the
recursors  of  some  of  the  ‘molecules  of  life’  as  we  now  knowxact  nature  of  the  interstellar  chemistry  is  still  somewhat
ncertain,  several  researchers  have  proposed  mechanism  by
hich  the  simplest  amino  acids,  glycine  and  alanine  may  be
Chemistry  space—time  
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GFigure  5  Interstellar  methanol  maser  lines  showing  narrow-
ness of  lines  and  high  measurement  precision  that  is  possible.
generated  in  cold  clouds  and  few  degrees  above  absolute
zero  (Kuan  et  al.,  2004).
Molecular  line  radioastronomy  studies  the  types  of  chem-
istry  occurring  in  the  interstellar  media  by  measuring  the
radio  frequencies  emitted  by  small  molecules.  These  fre-
quencies,  which  occur  in  the  microwave  region  between  1
and  100  GHz,  are  very  narrow  and  can  be  identiﬁed  with
great  accuracy  (<1  part  in  109),  after  correcting  for  the
Doppler  shift  of  the  emitting  source  relative  to  the  Earth
(Fig.  5).  These  frequencies  can  be  measured  in  the  labora-
tory  using  microwave  spectrometers  to  assign  the  rotational
spectra  of  candidate  molecules.  Many  of  these  molecules
are  unstable  under  terrestrial  conditions,  and  exist  for  only
short  periods  of  time  in  the  laboratory,  making  measurement
of  their  microwave  spectra  challenging.
At  least  180  molecules  have  been  conﬁrmed  in  interstel-
lar  medium,  with  10  being  unconﬁrmed,  including  glycine
and  graphene.  Table  1  shows  examples  of  molecules  dis-
covered  in  several  molecular  clouds,  especially  those  in  the
Galactic  Centre  and  the  Orion  Nebula.
Table  1  Examples  of  small  molecules  identiﬁed  in  the
interstellar  medium.
Molecule  Designation  Mass
C5 Linear  C5 60
NH4+ Ammonium  Ion  18
CH4 Methane  16
CH3O  Methoxy  radical  31
c-C3H2 Cyclopropenylidene  38
l-H2C3 Propadienylidene  38
H2CCN  Cyanomethyl  40
H2C2O  Ketene  42
H2CNH  Methylenimine  29
HNCNH  Carbodiimide  42
C4H  Butadiynyl  49
HC3N  Cyanoacetylene  51
HCC-NC  Isocyanoacetylene  51
HCOOH  Formic  acid  46
NH2CN  Cyanamide  42
HC(O)CN  Cyanoformaldehyde  55
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We  studied  two  small  molecules  proposed  to  be  the
recursors  of  glycine  and  alanine  in  the  interstellar
nvironment, CH2 NH  (methanimine)  and  CH3CH  NH  (etha-
imine)  (Brown  et  al.,  1980b,  1982).  Putative  chemical
eactions  that  could  lead  to  the  formation  of  amino  acids
re  shown  in  Scheme  1. The  Bernstein  Stecker  mechanism
elies  on  the  interaction  of  aldehydes  with  amines  and
itriles  (Bernstein  et  al.,  2002).  The  four  other  schemes,
owever,  proceed  from  simple  imines  that  are  generated  by
eduction  of  the  analogous  nitriles  in  the  case  of  the  Woon
adical—radical  (Woon,  2002)  and  Elsila  modiﬁed  nitrile
echanisms  (Elsila  et  al.,  2007).  These  nitriles  are  known
o  be  abundant  in  the  interstellar  medium.  The  mechanisms
iffer  in  that  they  either  further  reduce  the  imines  to  amines
Woon,  2002),  react  with  nitriles  to  generate  aminoacetoni-
riles  (Elsila  et  al.,  2007),  or  react  with  another  abundant
nterstellar  molecules,  CO,  that  generate  a  transient  cyclic
ziridinone  whose  ring  opens.
Methanimine,  one  of  the  early  molecules  to  be  discovered
n  the  interstellar  media,  had  been  studied  by  microwave
pectroscopy  by  Johnson  and  Lovas  (1972).  Its  methyl  ana-
ogues,  ethanimine,  had  its  microwave  spectrum  assigned
ore  recently  by  Brown  et  al.  (1980b). It  can  be  formed
y  high  temperature  pyrolysis  of  a  number  of  precursors
Scheme  2).
We  assigned  the  rotational  spectrum  of  the  Z  isomer
f  ethanimine  and  the  hyperﬁne  rotational  spectrum  of
ethanimine  (e.g.,  Fig.  6) (Brown  et  al.,  1980b,  1982).  Sub-
equently,  the  rotational  spectrum  of  the  E  isomer  was  also
ublished  (Lovas  et  al.,  1980).
Very  recently,  ethanimine  was  unambiguously  identiﬁed
n  the  SgrB2  in  the  galactic  centre  (Loomis  et  al.,  2013).
ig.  6  shows  the  part  of  the  laboratory  spectrum  of  Z-
thanimine,  and  the  same  line  observed  in  SgrB2  using  the
reenbank  radiotelescope  (Fig.  7).
Several  unsuccessful  searches  for  interstellar  glycine
ave  been  conducted  by  our  group  (Brown  et  al.,  1979)
nd  others.  A  potential  positive  detection  was  announced  by
uan  et  al.  (2003)  but  could  not  be  conﬁrmed  by  subsequent
bservations  by  Snyder  et  al.  (2005).
In  summary,  the  coupling  of  chemistry  with  astronomy
llows  us  to  begin  to  understand  the  building  blocks  of  life
nd  primordial  chemistry  that  is  the  key  to  our  past,  and
llows  us  to  study  the  chemistry  occurring  thousands  to
illions  of  years  ago.
hemistry space
hemistry  also  allows  us  to  design  molecules  that  will  be
ssential  for  our  future.  Most  chemists  have  begun  to  appre-
iate  how  large  chemical  spaces  are.  It  has  been  roughly
stimated  that  the  number  of  drug-like  molecules  that
bey  the  laws  of  chemistry  may  be  as  high  as  1080.  Recent
stimates  of  the  size  of  materials  composition  space  are
ven  larger,  around  10100 (Martin,  2012;  Shoichet,  2013;
olishchuk  et  al.,  2013).  As  with  Cartesian  space  that  we
re  very  familiar  with,  larger  spaces  need  technologies
hat  can  explore  them  more  quickly  to  keep  the  search
imes  tractable.  Clearly,  chemical  or  materials  spaces  and
ime  are  intimately  related,  and  we  must  ﬁnd  much  more
fﬁcient  ways  of  exploring  these  spaces  to  ﬁnd  dramat-
cally  different  new  molecules  or  materials  in  timescale
6  D.A.  Winkler
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nterstellar grains.
ompatible  with  human  lifetimes  and  technology  develop-
ent  time  frames.
Although  accelerated  synthesis  and  characterisation
ethods  employing  advanced  robotics,  combinatorial  chem-
stry,  etc.  can  greatly  accelerate  our  exploration  of  chemical
nd  materials  spaces,  we  clearly  cannot  explore  more  than tiny  fraction  of  spaces  as  large  as  10100 even  using  the  most
ptimistic  projections.  Computational  methods  are  required
o  do  this,  as  well  as  to  manage  and  interpret  the  vast  data
c
b
t
igure  6  The  212—111 rotational  transition  of  z-ethanimine.  The  li
nteractions of  the  nitrogen  atom.
rom  Winkler,  D.A.  PhD  thesis,  Monash  University,  1980.amino  acids  in  the  interstellar  media,  mainly  on  the  surface  of
ets  that  accelerated  experimental  methods  are  now  begin-
ing  to  generate.
This  ‘curse  of  dimensionality’  gets  worse  when  the  exper-
mental  variables  required  to  synthesise  materials  are  also
aken  into  account.  Most  materials  consist  of  multiple  com-
onents  and  their  synthesis  requires  multiple  reagents  and
onditions.  This  generates  an  ‘experimental  space’  that  can
e  vast  when  the  number  of  components  and  experimen-
al  variables  rises  above  5—6.  The  number  of  experiments
ne  is  a  multiplet  because  of  the  effects  of  quadrupole  coupling
Chemistry  space—time  7
Figure  7  The  observed  rotational  lines  of  z-ethanimine  with  the  re
were made  on  the  Greenbank  radio  telescope  (right)  (Wiki  Common
required  to  exhaustively  locate  the  optimum  conditions  and
components  to  synthesise  new  materials  increases  exponen-
tially  with  the  number  of  these  components  and  conditions.
For  example,  if  a  material  has  7  components  and  3  syn-
thesis  conditions,  and  these  vary  over  a  range  of  10  values,
the  number  of  experiments  required  to  explore  this  space
completely  is  1010.  Much  faster  experimental  methods,  cou-
pled  to  advanced  informatics  and  computational  chemistry
methods,  are  required  to  explore  large  materials  spaces.
The  size  of  chemistry  and  materials  spaces  can  tackled
in  several  ways:
• Combinatorial  and  other  high-throughput  synthesis  and
screening  approaches.
•  Fragment-based  methods,  these  use  small  chemical  moi-
eties  to  explore  chemical  space  constrained,  for  example,
by  a  binding  site  in  a  protein.
•  De  novo  design  molecular  design,  this  again  uses  con-
strained  chemical  space  deﬁned  by  a  protein  ligand
binding  site.
•  Design  of  experiments,  diversity  libraries,  models.  These
use  mathematical  methods  to  explore  spaces  sparsely,  and
models  to  ‘ﬁll  in’  the  missing  regions  of  space.
•  Supramolecular  approaches  that  rely  on  weak  covalent
bonds  forming  large  dynamic  libraries  of  molecules  that
are  ‘selected’  by  appropriate  binding  sites.
•  Evolutionary  approaches  that  ‘evolve’  materials  toward
desired  ﬁtness  functions  using  genetic  mutation  methods
(see  below).
Scheme  2  Two  methods  for  pyrolytic  synthesis  of  metha-
nimine.
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rlevant  source  Doppler  shifts  marked  (left).  The  measurements
s).
Although  this  list  is  biased  toward  small  molecules
ith  biological  properties,  some  of  the  methods  apply  to
aterials  as  well.  Some  of  them  allow  large  spaces  to  be
xplored  more  quickly  via  virtual  screening,  other  allow
hese  spaces  to  be  explored  sparsely  with  models  being  used
o  interpolate  between  the  experimental  points,  others  con-
train  the  space  using  geometric  constraints  (e.g.,  ability  to
ind  into  a  protein  pocket),  or  exploit  evolutionary  methods
o  ﬁnd  molecules  with  locally  optimal  properties.  Some  of
he  above  methods  of  tackling  the  size  of  materials  space
ill  be  illustrated  further  by  examples,  based  largely  on
aterials.
xploring spaces faster — robotic and other
ccelerated synthesis and characterisation
ethods
aterials  science  is  now  beginning  to  leverage  some  of
he  high-throughput  methods  developed  by  the  pharma-
eutical  industries  more  than  two  decades  ago.  Robotic
ynthesis  and  characterisation  facilities  like  the  RAMP
entre  in  CSIRO  Manufacturing  Flagship  (http://www.csiro.
u/en/Research/MF/Areas/Chemicals-and-ﬁbres/RAMP)
nd  now  being  built  and  used  widely  in  diverse  materials
esign  and  discovery  projects.  High  throughput  synchrotron
eamlines  are  increasingly  being  used  to  accelerate
aterials  characterisation  (Fig.  8).
High  throughput  experimentation  needs  to  be  matched
y  efﬁcient  informatics  and  data  modelling  methods.  Devel-
pments  in  statistics  and  mathematics  have  provided  these
xcellent  modelling  tools.  We  use  Bayesian  regularisation
f  neural  networks  to  optimise  model  complexity,  together
ith  sparse  features  selection  methods  employing  sparse
Laplacian)  priors  (Burden  et  al.,  2000,  2009;  Burden  and
inkler,  1999a,b,  2009a,b;  Winkler  and  Burden,  2000).
hese  provide  models  relating  materials  structure  and
rocessing  conditions  to  their  properties  that  have  optimum
redictive  power.  These  also  allow  chemical  or  materials
paces  to  be  explored  virtually.  The  application  of  these
ethods  to  materials  has  been  comprehensively  reviewed
ecently,  and  a  diverse  range  of  large  materials  data  sets
8  D.A.  Winkler
Figure  8  The  RAMP  facility  at  CSIRO  carries  out  100—10,000  experiments  per  day  to  rapidly  produce,  characterise  and  test
d ,  nan
r rime
b 00  ex
h
p
M
W
g
c
r
v
m
s
n
r
w
(
s
t
s
l
m
m
t
t
t
r
R
T
r
b
w
p
b
g
biverse materials  such  as  polymers,  metal—organic  frameworks
ig (centre)  conducts  10—1000  scaled  down  but  plant-like  expe
eamline at  the  Australian  synchrotron  (right)  can  carry  out  50
ave  been  successfully  modelled  and  used  to  predict  the
roperties  of  new  materials  (Le  et  al.,  2012).
aterials evolution
hile  accelerated  synthesis  and  assessment  method  will
reatly  increase  the  productivity  for  materials  discovery,
omputational  methods  for  materials  evolution  are  also
equired.  These  techniques  have  the  advantage  of  exploring
ery  large  spaces  more  efﬁciently  than  other  computational
ethods.  They  embody  a  computational  analogue  of  natural
election,  ﬁrst  identiﬁed  by  Darwin,  which  is  the  domi-
ant  paradigm  in  biology.  Interestingly,  Charles  Darwin  was
elated  to  one  of  the  ﬁrst  materials  scientists,  Josiah  Wedg-
ood  (ceramics)  by  marriage  to  his  cousin,  Emma  Wedgwood
Fig.  9).
Mathematical  analogies  of  genetic  processes  have  been
tudied  widely,  and  genetic  algorithms  and  related  evolu-
ionary  methods  have  been  shown  to  be  very  effective  at
earching  vast  multidimensional  spaces.  Paradoxically,  evo-
utionary  methods  have  not  yet  been  widely  employed  in
•
Figure  9  Charles  Darwin  (left)  aoparticles  and  small  molecules  (left).  Its  high-speed  catalysis
nts  per  day  in  multiplexed  reactors.  The  high  throughput  SAXS
periments  per  day.
aterials  discovery.  One  could  speculate  that  the  reason
ay  be  that  materials  science  has  only  recently  adopted
he  high  throughput  synthesis  and  characterisation  methods
hat  were  employed  in  the  pharmaceutical  industries  more
han  two  decades  ago.  We  predict  such  methods  will  grow
apidly  in  prominence  in  the  materials  community.
epresenting the ‘materials genome’
he  components  in  a  structure  (or  material)  can  be  rep-
esented  in  a  myriad  of  ways  mathematically,  e.g.,  as  a
inary  string  such  as  00010100010101000101010011110100
here  0  =  fragment  not  present  in  structure  and  1  =  fragment
resent  in  structure  (perhaps  multiple  times).  Two  types  of
inary  string  (also  called  a  ﬁngerprint  or  more  recently  a
enome)  are  used.  For  discrete  molecules  (similar  forms  can
e  written  for  more  complex  materials): structural  keys  —  ﬁxed  dictionary  of  fragments  where
there  is  a  1:1  relationship  between  the  bit  in  the  string
and  the  fragment.  These  suffer  from  the  disadvantage
nd  Josiah  Wedgwood  (right).
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Table  2  Examples  of  the  types  of  variable  making  up  a  materials  ‘genome’,  and  typical  ﬁtness  functions  used  in  materials
evolution studies.
Goals  Variables  Objectives
Synthesis  efﬁciency
Functional  properties
•  Reagents
•  Catalysis
•  Processing  conditions
• Solvents  or  host  lattices
• Molecules:  scaffolds,  moieties,
chemometrics
• Materials:  atomic/molecular
ttice
•  Rate  of  products  formation
• Product  yield
•  Enantiomeric  excess
• Catalytic  activity
• Electromagnetic  properties
• Mechanical  properties
• Thermodynamic  properties
ﬁ
g
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t
o
t
t
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m
p
a
a
r
a
pcomposition,  host  la
Adapted from Moore et al. (2011).
that  structures  may  contain  fragments  that  are  not  in
dictionary.
•  hashed  ﬁngerprints  —  the  fragment  description  (C-C-N-C-
O)  can  be  hashed  to  a  bit  position  e.g.,  between  1  and
1024  and  this  bit  is  set.  This  method  can  suffer  from  col-
lisions,  where  two  different  fragments  map  to  the  same
bit  position.  This  creates  a  bit  position-fragment  identity
map  discontinuity.
For  materials  that  are  more  complex  and  whose  prop-
erties  may  depend  on  the  method  of  manufacture  or
subsequent  processing  steps:
•  Compositional  vectors  —  vectors  of  real  numbers  encoding
composition  of  material.
•  Structural  strings  —  similar  to  the  above  examples  for
discrete  molecules,  but  harder  to  achieve  for  complex
materials  like  polymers.
•  Process  vectors  —  real  number  strings  representing
processing  parameters.
Materials  evolution  follows  a  process  akin  to  ‘survival
of  the  ﬁttest’  or  natural  selection.  An  initial  population  of
candidate  molecules  or  materials  is  generated  and  encoded
by  a  genome.  A  ‘ﬁtness  function’,  a  desirable  property  for
the  molecule  or  material  that  needs  to  be  optimised  and
that  can  be  measured  by  some  assay  or  test  is  deﬁned  and
used  to  evaluate  the  initial  pool  of  candidates.  Examples  of
t
c
t
Figure  10  The  materia
Adapted  from  Zhou  et  al.  (2013).s • Molecular  binding  constants
tness  functions  and  variables  used  in  molecule  or  materials
enomes  that  have  been  employed  in  published  studies  are
ummarised  in  Table  2.
The  best  or  ‘ﬁttest’  members  of  the  population  are  used
o  deﬁne  the  next  generation  through  mutation  operators
r  by  being  carried  forward  (elitism).  This  new  population  is
he  tested  against  the  ﬁtness  function  and  ranked  again  and
he  best  members  used  to  deﬁne  a  subsequent  pool  or  over
tter  molecules  or  materials  (Fig.  10) (Zhou  et  al.,  2013).
The  most  common  mutation  operators  that  operate  on
he  molecule  or  material  genome  are  single  point  mutations
nd  crossover  mutations  (Fig.  11).  Single  point  mutations
ip  or  alter  a  single  element  of  the  genome  e.g.,  inverting
 binary  bit,  or  perturbing  the  value  of  a  single  element  of
 real  value  vector.  This  operation  effectively  conducts  a
ocal  search  of  molecular  or  materials  space  in  the  vicinity
f  the  current  pool  member.  This  is  useful  for  optimising
aterials  without  moving  too  far  from  existing  areas  of
romise  in  the  materials  space.  Crossover  mutations  deﬁne
 split  point  in  the  genomes  of  two  molecule  or  materials,
nd  the  relevant  fragments  that  result  from  splitting,  are
eassembled  in  anew  combination.  This  allows  materials  in
 population  to  jump  into  a  distant  are  of  materials  space,
otentially  identifying  an  interesting  new  area  of  composi-
ional  or  processing  space.
Materials  property  landscapes  are  multidimensional  and
omplex.  There  is  a  concern  that  the  landscape  may  con-
ain  many  local  minima  or  optima.  This  is  true  of  biological
ls  evolution  cycle.
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tigure  11  Two  common  mutation  operators,  single  point  mu
enes are  split  at  an  arbitrary  place  and  the  fragments  swappe
volution  as  well,  and  it  is  now  considered  almost  certain
hat  the  various  species  that  have  evolved  to  ﬁt  particular
volutionary  niches  are  driven  by  local  optima  in  the  ﬁtness
andscape.  Nevertheless  many  of  these  local  ﬁtness  optima
re  very  impressive  and  are  certainly  useful  and  well  suited
o  the  particular  environmental  niche  in  which  the  species
as  evolved.  Materials  ﬁtness  landscape  may  be  simpler  and
c
o
i
p
igure  12  Materials  property  landscapes  containing  local  and  glob
o optimise  (left)  while  those  that  are  trap-free  are  easier  to  optim
Table  3  Examples  of  evolution  of  materials  experiments  from  th
Ref.  number  Number  of  control
variables
Objective  
20  6  Binding  to  stromelysin
21  8  Propane  →  propene  
22 4  Inhibition  of  thrombin
23  8  Propane  →  CO  
24 8  Propane  →  propene  
25 13  Propane  →  propene  
26 23  NH3 +  CH4 →  NCN  
27 9  CO  →  CO2
28 4  CO  +  CO2 +  H2 →  CH3OH
29  5  3CO  +  3H2 +  H2 →  CH3O
30  6  CO  +  CO2 +  H2 →  CH3OH
31 10  n-Pentane  isomerizatio
32  7  Propane  →  propene  
33 8  Isobutane  →  methacro
34  8  Membrane  permeabilit
35  4  Cyclohexene  epoxidat
36 3  Protein  inhibition  
37  6  Red  luminescence  
Data from Rabitz (2012).ons  in  the  materials  genome  (left),  and  crossover,  where  two
ht).
f  lower  dimension  that  biological  ﬁtness  landscape,  but
hey  still  exist  in  large  multidimensional  properties  spaces
nd  probably  also  contain  local  optima.  These  features  can
onstitute  ‘traps’  that  may  prevent  genetic  algorithms  or
ther  computational  methods  of  locating  optima  from  ﬁnd-
ng  the  best  solutions.  It  can  be  shown  in  fact  that  it  is  not
ossible  to  ﬁnd  the  global  optimum  in  a  complex  surface  by
al  optima.  The  local  optimum  ‘traps’  make  the  materials  hard
ise  (Rabitz,  2012).
e  literature.
Number  of
experiments  to  reach
optimal  outcome
Number  of  possible
control  sample  points
 300  6.4  ×  107
328  NA
 400  1.6  ×  105
150  NA
280  NA
60  NA
644  NA
189  NA
 115  2.7  ×  109
H  160  2.4  ×  1011
 235  4.7  ×  109
n  72  1.44  ×  104
80  NA
lein  90  109
y  192  9  ×  1021
ion  114  NA
160  1016
216  NA
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fFigure  13  White  light  LEDs.
any  methods  other  than  an  exhaustive  grid  search  with  small
steps,  clearly  impossible  for  spaces  as  large  as  materials
space  is  projected  to  be.  Surprisingly,  preliminary  experi-
ments  on  materials  evolution  have  suggested  that  this  local
optimum  or  ‘trap’  problem  may  not  be  as  serious  as  ﬁrst
thought.  Rabitz  has  studied  examples  where  two  variables
(this  could  be  extended  to  many  more  in  practice)  that  con-
trol  a  yield  or  property  value  (Fig.  12)  (Rabitz,  2012).  The
hypothetical  associated  landscape  (a)  has  multiple  local  sub-
optimal  maxima  acting  as  traps  for  searches  seeking  the  best
possible  outcome.  Landscape  (b)  has  rich  structure  but  only
a  single  maximum.  In  practice,  Rabitz  found  that  in  ∼90%
of  the  reported  chemical  and  material  landscapes  have  no
evident  traps.  Even  where  traps  exist,  local  optima  on  the
ﬁtness  landscape  are  likely  to  be  very  useful  as  they  are
in  biological  ﬁtness  landscapes  where  local  optima  often
deﬁne  different  species.  However,  these  conclusions  have
been  drawn  from  a  small  set  of  examples  and  they  may  not
apply  to  materials  space  generally.Although  there  are  few  examples  in  the  literature  where
evolutionary  methods  have  been  used  in  practice  to  explore
large  and  complex  properties  spaces  (Le  and  Winkler,  2015),
t
p
Figure  14  Methods  for  gene
From  https://www1.eere.energy.gov/buildings/ssl/images/led-basiigure  15  Improvement  in  white  light  LED  phosphor  colour
cross  four  generations.  From  Park  et  al.  (2012).
he  use  of  evolutionary  methods  has  been  identiﬁed  in  a
rominent,  recent  Editorial  (Nature  Materials  paper  refer-
nce)  (Polishchuk  et  al.,  2013).  Most  of  the  literature  studies
ave  involved  catalysis  and  they  have  generated  impressive
esults.  Some  of  the  studies  (Table  3)  have  found  effective
but  necessarily  local)  solutions  after  100—300  experiments
rom  possible  search  spaces  as  large  as  1022.We  provide  a  literature  example  of  the  use  of  evolu-
ionary  methods  to  optimise  the  brightness  and  colour  of
hosphors  for  white  light  LEDs.
rating  white  light  LEDs.
cs  white  light.jpg.
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Table  4  Example  white  light  phosphor  materials  ‘genomes’.
CaO  SrO  BaO  YO3/2 LaO3/2 SiN4/3 EuO3/2
1  0.1920  0.0384  0.1536  0.0000  0.0000  0.6000  0.0160
2 0.1382  0.0154  0.0000  0.0400  0.1600  0.6400  0.1600
3 0.0000  0.1536  0.0384  0.0800  0.0800  0.6400  0.0080
4 0.0154  0.0038  0.0192  0.0000  0.1600  0.8000  0.0016
5 0.0230  0.0461  0.1613  0.0400  0.0000  0.7200  0.0096
6 0.0000  0.1229  0.0307  0.0080  0.0320  0.8000  0.0064
7 0.0346  0.2074  0.1037  0.0000  0.0400  0.6000  0.0144
Adapted from Park et al. (2012).
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ligure  16  Predictions  of  phosphor  brightness  from  Bayesian  n
volving white light LED phosphors
fﬁcient  use  of  resources  and  energy  is  essential,  not  only  for
xtending  the  life  of  ﬁnite  resources  but  also  for  minimis-
ng  the  effects  of  waste,  especially  greenhouse  gases  like
O2 and  methane.  Lighting  consumes  a  signiﬁcant  amount
f  electricity  resources  and  light  sources  have  evolved
elatively  recently  from  the  incandescent  ﬁlament  inven-
ion  made  by  Swan  and  Edison  many  years  ago.  Incandescent
lobes  have  been  replaced  by  ﬂuorescent  and  metal  vapour
amps  then,  most  recently,  by  white  light  LEDs  (Fig.  13).
hese  devices  are  up  to  ﬁfty  times  more  energy  efﬁcient
han  incandescent  sources  and  have  made  a  signiﬁcant
mpact  on  lighting  energy  use  and  consequently,  CO2 emis-
ions.  White  light  LEDs  are  commonly  made  by  one  of  three
ethods  (Fig.  14).
Park  et  al.  used  a  materials  evolution  approach  to  gen-
rate  white  light  LED  phosphors  from  sintered  rare  earth
xides  (Park  et  al.,  2012).  Phosphors  were  synthesised  by
ixing  seven  ground  metal  oxides  in  different  mole  frac-
ions  then  ﬁring  at  1525 ◦C  for  4  h  under  a  N2 gas  ﬂow  in  a
ealed  tube  furnace.  Each  catalyst  was  encoded  by  a  seven
imensional  ‘genome’  consisting  of  the  mole  fraction  of
ach  metal  oxide  in  the  catalyst  (Table  4).
After  the  ﬁrst  generation,  the  phosphor  intensity  and
olour  of  each  individual  was  tested  and  analysed  for  ﬁt-
ess.  The  ﬁttest  individuals  were  used  to  generate  a  new
m
f
f
sl  net  model  for  training  set  (left)  and  test  set  (right).
opulation  of  individuals  through  combination  crossover  or
utation  operations  (they  also  used  a  more  sophisticated
article  Swarm  optimisation  method  for  comparison).  These
ew  individuals  composed  the  next  generation,  and  the
election  and  evolution  process  was  repeated  over  four  gen-
rations.  Brightness  and  colour  improved  in  each  generation.
ark  et  al.  also  used  Pareto  ranking  to  ﬁnd  the  best  materi-
ls  that  also  met  other  potentially  conﬂicting  criteria  such
s  novelty  (structure  similar  to  known  phosphors)  and  phase
urity.
They  synthesised  and  tested  144  phosphors  using
his  evolutionary  approach.  The  seven  dimensional
rO—CaO—BaO—La2O3—Y2O3—Si3N4—Eu2O3 search  space
ad  a  minimum  size  of  16,384  if  each  rare  earth  oxide  could
ake  one  of  four  possible  mole  fractions  (47).  Excellent
hiteness  and  brightness  was  achieved  over  the  four  cycles
f  evolution  using  only  144/16,384  or  0.88%  of  the  entire
irtual  library  or  search  space.  The  results  of  successive
volutionary  cycles  are  summarised  in  Fig.  15.
While  this  early  use  of  evolutionary  methods  to  ﬁnd  excel-
ent  local  solutions  worked  very  well,  we  were  intrigued
hether  the  data  from  the  four  successive  cycles  of  evo-
utionary  optimisation  could  be  used  to  build  a  predictive
odel  that  could  search  the  materials  space  more  minutely
or  better  solutions.  We  generated  a  model  relating  the  mole
raction  of  rare  earth  oxides  in  the  sample  (a  seven  dimen-
ional  input  vector)  and  the  colour  and  brightness  of  the
BB
B
B
B
B
B
B
B
B
E
G
J
K
K
K
L
LChemistry  space—time  
resulting  phosphor.  We  wondered  that  the  relationship  was
very  nonlinear,  with  linear  models  providing  very  low  pre-
dictability  of  the  phosphor  properties.  A  nonlinear  model
constructed  from  a  Bayesian  regularised  neural  network  with
ﬁve  nodes  in  the  hidden  layer  (Burden  and  Winkler,  1999a,b;
Winkler  and  Burden,  2000)  could  predict  the  training  and
test  set  properties  with  high  ﬁdelity  (Fig.  16).  We  used  this
model  to  predict  the  properties  of  10  million  phosphors
within  the  domain  of  the  model,  by  allowing  each  phosphors
to  adopt  10  possible  mole  fractions  (ensuring  the  sum  of
the  seven  mole  fractions  was  1.0).  We  discovered  several
phosphors  with  brightness’s  almost  twice  those  of  the  best
phosphors  found  by  Park  et  al.  (2012).  The  very  signiﬁcant
nonlinearity  of  the  response  surface  and  the  fact  that  using
a  nonlinear  model  discovered  better  solutions  suggest  that
Park  et  al.  could  have  also  found  even  better  solutions  if
they  had  run  their  evolutionary  approach  for  more  cycles.
Where to next? Automatic ‘closed loop’
systems
Evolutionary  methods  have  been  shown  to  be  effective  in
materials  discovery,  helping  with  the  ‘‘curse  of  dimension-
ality’’.  The  approach  is  very  complementary  to  the  new
high  throughput  materials  synthesis,  characterisation,  and
testing  technologies  —  e.g.,  RAMP,  ﬂow  chemistry,  high
throughput  beam  lines,  combinatorial  chemistry.
Ultimately  an  automatic,  closed  loop  system  could  be
developed  where  the  ﬁttest  materials  synthesised  in  a
given  generation  are  used  to  design  the  next  generation
of  improved  materials.  Use  of  evolutionary  and  machine
learning  in  silico  methods  and  robotic  synthesis  and  char-
acterisation  methods  could  explore  large  materials  spaces
and  accelerate  discovery  of  novel,  useful  materials.
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